Introduction
A central question in the study of motor control is how the many degrees of freedom are controlled in a highly redundant musculoskeletal system (Bernstein, 1967) . It has been proposed that a small set of neuromotor synergies, termed ''modules,'' may represent a possible basis for intentional as well as automatic actions (Flash and Hochner, 2005; Poggio and Bizzi, 2004; Sporns and Edelman, 1993) . A motor system is thought to exhibit modular properties if a large variety of diverse actions can be generated by recombination of a small set of modules (Poggio and Bizzi, 2004) . Support for a modular organization of motor systems has been obtained through computational analysis of muscle activities or movement kinematics in both nonhuman primates (Brochier et al., 2004) and humans (Ivanenko et al., 2004 (Ivanenko et al., , 2005 . For instance, using factor analysis, the human gait can be described by combinations of just five muscle activation patterns independent of body weight (Ivanenko et al., 2004) and perturbations (Ivanenko et al., 2005) . Similarly, principal component analysis (PCA) has revealed that static hand postures (Jerde et al., 2003; Santello et al., 1998) and entire reach-tograsp movements (d 'Avella et al., 2006; Mason et al., 2001; Santello et al., 2002) can be conceived of as weighted combinations of just a few main patterns of covariation in joint rotations or muscle activation patterns.
However, it is unclear whether this modularity has a causal relationship to neuronal operation, and if so, at which locations in the motor system this modularity is implemented. This uncertainty arises because the rules that govern neuronal activity for generating movements cannot be inferred directly through the analysis of the kinematics or muscle activation patterns due to the inverse problem. For example, tremulous motion may originate from the activity of an independent neuronal pacemaker, but it is equally possible that it may originate from reflexively organized neuronal activity or biomechanical properties (Deuschl et al., 2001) . Strong causal evidence for a modular operation of the central nervous system (CNS) in movement control is provided if similar modular principles are revealed by direct stimulation of the nervous system. Indeed, the concept of modules as the underlying building blocks of movement generation has gained possibly its strongest experimental support from studies employing electrical (Bizzi et al., 1991; Giszter et al., 1993; Mussa-Ivaldi et al., 1994) or chemical (Saltiel et al., 1998) neuronal stimulation. However, with one exception (d 'Avella and Bizzi, 1998) , the evidence was obtained exclusively through direct stimulation of the spinal cord, and most of these studies were performed in frogs. Although intraspinal microstimulation experiments in rats revealed similar results, experimental support for functional modular organization was notably absent in spinalized cats Mushahwar et al., 2004) . It is possible, then, that modular neuronal organization of intentional dexterous movements, if at all present in higher-order animals and in humans, may depend on the motor cortex.
Here we used transcranial magnetic stimulation (TMS) of the hand representation in the primary motor cortex to test this hypothesis directly in awake humans. This system has a number of unique features that enhance its suitability to address this problem. At moderate intensities, TMS preferentially activates intracortical horizontal fibers (Rothwell, 1997) , which wire an extended cortical network presynaptic to the corticospinal projection neurons (Huntley and Jones, 1991) . The primary motor cortex and its efferent monosynaptic spinal projections constitute the single most important anatomical substrate for individuated dexterous finger movements (Lang and Schieber, 2004; Lawrence and Kuypers, 1968; Porter and Lemon, 1995) . The horizontal intracortical connections, which tend to be preferentially activated by TMS, and the physical dimensions of TMS' induced electric field (Barker, 2002) , compare favorably to the spatially extended activation of the primary motor cortex as seen in functional neuroimaging studies of voluntary movements (Beisteiner et al., 2001; Hlustik et al., 2001; Kleinschmidt et al., 1997; Sanes et al., 1995) . Conditional on naturalistic activation of the anatomic substrate of finger movements by TMS, the hypothesis of a modular CNS operation in movement control would be supported if TMS-evoked movements exhibited modular properties. Validation of results could then be obtained by comparison with properties of voluntary movements.
In the present study we first add critical evidence in favor of TMS activation as an experimental paradigm that can reproduce features of natural activation of the primary motor cortex. Secondly, we examine the question of whether TMS-evoked finger movements may show modular properties, and if so, whether they are similar to grasping movements, an extensively wellcharacterized family of dexterous finger movements whose modular kinematic properties have been documented previously (Santello et al., 1998) .
Results
Finger movements were evoked by TMS from 30 different stimulation sites arranged as a grid centered over the primary motor cortex. Movements concerning ten finger joints (proximal interphalangeal joints and metacarpophalangeal joints of the long fingers; and metacarpophalangeal joint and carpometacarpal joint of the thumb) were recorded. For analysis, a single hand posture at the time of the maximum summed absolute joint excursions was extracted from the movement signals ( Figure 1 , see Experimental Procedures for details). This ten-dimensional vector was termed posture vector (PV) and served as the basis for subsequent analyses.
Pattern of Finger Movements Evoked by TMS
Across all subjects and all joints, the mean flexion angle was 2.0 6 1.7 and the mean extension angle was 1.9 6 1.6 . Movements occurred around single joints, joints of a single finger, or multiple joints, in both extension and flexion. Of all finger movements, isolated thumb movements were evoked most frequently (14% 6 13% of movements across 18 subjects), followed by movements of the index (10% 6 10%), middle (7% 6 7%), little (4% 6 4%), and ring finger (2% 6 2%). Although isolated finger movements were observable on multiple occasions, it was more common for TMS to elicit movements of several fingers simultaneously (63% 6 16% of evoked movements across 18 subjects). All movements (isolated or as part of composite finger movements) considered, thumb movements, index finger movements, and middle finger movements were evoked with similar frequencies (50% 6 22%; 59% 6 19%; 56% 6 18%, respectively) whereas ring finger movements (41% 6 22%) and little finger movements (38% 6 21%) were elicited somewhat less frequently.
Overlap and Somatotopic Gradient of Movement Representations Movements evoked by TMS over different scalp positions did not display a prominent systematic topographic pattern. Similar finger movements could be evoked from spatially separate stimulation sites and dissimilar movements could be evoked from stimulation of the same site. This is visualized in Figures 2A and 2B , which show matrices of pairwise distances of all TMSevoked movements recorded in two subjects. Figure 2C displays a segment of the matrix of one subject (Figure 2A) and illustrates pairs of individual similar and dissimilar posture vectors derived from TMS-evoked movements (TMS-PVs). To assess the spatial gradient of movement similarity, all TMS-PVs were matched to two randomly selected TMS-PVs obtained through stimulation of (1) the same site or (2) a distant site. The similarity of the resulting pairs of local TMS-PVs was compared with the similarity of the pairs of distant TMS-PVs across all subjects. Although the mean similarity of local TMS-PV pairs was significantly higher (i.e., the distance was smaller) than the similarity of distant TMS-PV pairs (p < 0.001; two-tailed paired t test), the mean similarity differed only by 0.08 6 0.58 ( Figure 2D ). This ''isotropy'' of movement representation on a macroscopic scale is consistent with findings obtained with a large variety of investigational methods ranging from anatomical study (Rathelot and Strick, 2006) , intracortical microstimulation (ICMS) (Kwan et al., 1978; Strick and Preston, 1982) , and recorded activity of single neurons (Poliakov and Schieber, 1999; Schieber and Hibbard, 1993) to functional magnetic resonance imaging (MRI) (Beisteiner et al., 2001; Hlustik et al., 2001; Kleinschmidt et al., 1997; Sanes et al., 1995) .
Scalp sites from which movements of individual fingers (mostly as part of composite finger movements) could be evoked overlapped extensively. Figure 3A displays the topographical distribution of the movements of each individual finger as summarized by its activation map (see Experimental Procedures). Peak activations were located near the grand center of gravity (CoG) of all finger movements. The location of the CoG of individual fingers is illustrated in Figure 3B . The lateral position of the CoG of different fingers differed significantly [analysis of variance (ANOVA); F(4, 85) = 2.5; p = 0.049]. With reference to the CoG of little finger movements, the CoG of thumb movements was 2.3 6 3.4 mm (p = 0.011; two-tailed paired t test) more lateral, and the CoG of index finger movements was 3.1 6 2.8 mm (p < 0.001; two-tailed paired t test) more lateral. The CoGs derived from motor-evoked potential (MEP) amplitudes recorded from the abductor pollicis brevis (APB) muscle and adductor digiti minimi (ADM) muscle were comparable in distance and location to the CoGs of the corresponding finger movement. The APB muscle was located 3.0 6 1.5 mm more laterally than the ADM muscle (p < 0.001; two-tailed paired t test). Projected at the level of the cortex, the mean 3D distance of CoGs of thumb and index finger to little finger amounted to w3.4-3.7 mm, in excellent agreement with findings obtained from neuroimaging studies (Beisteiner et al., 2001; Hlustik et al., 2001) . In these studies, the 3D distance obtained after voluntary individual finger movements was found to be w1.7-5.4 mm.
Variability of TMS-Evoked Movements Is Constrained by Neuronal Factors
To obtain a more detailed view of the properties of the output of the primary motor cortex as revealed by TMS, we extended the analysis of individual fingers to the analysis of entire TMS-evoked movements. Although a large variety of movements were evoked by TMS, many movements appeared to share a limited number of mutually similar postures. Hierarchical cluster analysis was used to allocate TMS-PVs to posture groups (PGs), which were defined by the minimal distance of their group members. Visualization of these groups revealed that several movements contained motion elements observable in natural motor behavior, such as thumb and index finger opposition or opening and closing of the hand. Examples are shown in Figure 4A , in which 8 (of a total of 73) different PGs derived from TMS-PVs in one subject (AA) are rendered. Figure 4B summarizes the results of the clustering process of the TMS-PVs for all 18 subjects. Across all subjects, the mean number of PGs was 47 6 17, (A and B) Distance matrices of PVs indexing TMS-evoked movements for two representative subjects (AA and DJ). The distance between any two ten-dimensional PVs is coded on a color scale ranging from 0 (dark blue, implying identity) to 2 (dark red, indicating strongest possible dissimilarity, i.e., the vectors pointed in opposite directions). Because the matrices are symmetric, only the upper triangular part is shown. The leftmost diagonal represents the distance of two identical PVs. The black bold triangles along the diagonal refer to pairs of PVs derived from movements evoked from the same stimulation point. The different sizes of triangles indicate that at some stimulation sites, fewer than 15 movements were evoked by TMS. (C) Selected segments of the distance matrix computed from PVs of two arbitrarily selected, spatially distant stimulation sites (2, 3) and (5, 5) from subject AA, whose complete matrix is displayed in (A). The inset illustrates individual PVs obtained from site (2, 3) and (5, 5). The third TMS pulse delivered over point (2, 3) and the eighth TMS pulse delivered over point (5, 5) indicating that TMS-evoked movements exhibited considerable variability.
The variability of TMS-PVs was compared with the variability of Structureless-PVs, which were generated from randomly shuffling the TMS-PV components of each subject. TMS-PVs were also compared with movements evoked by magnetic brachial plexus stimulation (as indexed by Plexus-PVs) to illustrate the variability of TMS-evoked movements in relation to movements evoked by synchronous stimulation of a peripheral part of the nervous system. Cluster analysis yielded a different number of PGs for the three conditions (TMS, Structureless-PVs, and Plexus-PVs) in each subject. This is illustrated in Figure 4C , which displays PGs derived from subject AA. For comparison of the results across subjects, the number of PGs was normalized by the total number of PVs to generate a cluster index (CI) that was independent of the total number of PVs. The computed CIs differed significantly between the three conditions [ANOVA; F(2, 15) = 60.50; p < 0.001; Figure 4D ]. CIs derived from TMS-PVs were intermediate between those obtained from Structureless-PVs and Plexus-PVs. These results indicate that the variability of TMS-evoked movements is likely to be influenced to a major extent by factors upstream of biomechanics, and thus, probably by neuronal factors related to the organization of the corticospinal system.
Modular Composition of TMS-Evoked Movements
The reduced variability of TMS-PVs compared to Structureless-PVs suggests that the dimensionality of the movement space spanned by TMS-evoked movements may be smaller than the actual number of recorded joints. This dimensionality reduction would favor the idea that TMS-evoked finger movements arise from the combination of a small set of modules. To infer the degree of modularity explicitly, PCA, a widely used matrix factorization technique, was applied. The extracted kinematic modules, or principal components (PCs), of TMS-PVs can be thought of as hand shape deformations which, scaled by the proper weighting coefficients, can be combined to reconstruct the entire set of TMS-PVs. On average, the first four PCs accounted for w89.3% of the variance, with the first two accounting for w72.6% of the variance ( Figure 5A ). Therefore, the dimensionality (as defined by the number of PCs accounting for R90% of the variance) inherent in the TMS-PVs amounted to approximately four, a marked reduction compared to the ten-dimensional joint space. In contrast, approximately eight PCs were needed to account for w89% of the total variance of Structureless-PVs ( Figure 5A ). The dimensionality inherent in the TMS-PVs was significantly lower than that inherent in Structureless-PVs (p < 0.001, two-tailed t test).
This reduction of dimensionality would indicate a property of cortical motor control, unless the finger joint movements were not already constrained mechanically at the range of motions induced by TMS. Indeed, Lang and Schieber (2004) have demonstrated significant biomechanical constraints for passive large-arc (w40 -80 ) finger movements. To address the possibility that the dimensionality reduction of TMS-PVs could be attributed to biomechanical constraints, we performed passive individuated movements of every single recorded finger joint of the right hand in six subjects. The range of these joint motions was 23.2 6 2.8 and, thus, considerably larger than that of the TMS-evoked movements (mean range of joint motions 3.9 , see above). PCA of these individuated passive movements showed that eight PCs accounted for w90.0% of the variance, similar to the dimensionality inherent in the Structureless-PVs ( Figure 5A ). Therefore, the dimensionality reduction of finger movements evoked by TMS of primary motor cortex cannot be explained by biomechanical factors.
To address the question of similarity between PCs derived from different subjects, best-matching pairs (Cheung et al., 2005) of PCs were computed (see Experimental Procedures) . Figure 5B shows the best-matching PC pairs of two subjects. Note that the members of best-matching PC pairs did not necessarily have the same rank order. A complete overview of the rank order assignments of best-matching pairs of PCs between all subjects is displayed in the 2D histogram of Figure  5C . The PC with rank order 1, PC1, and PC2 showed the best consistency between subjects, i.e., the bestmatching counterpart of PC1 from one subject was most often PC1 or PC2 of another subject. In several cases, PC components of a pair of best-matching PCs had a different rank order with regard to the relative amount of variance they explained in each data set. Surprisingly, PC10 of one subject frequently corresponded best to PC10 of another subject. Subsequent detailed analysis revealed a small-amplitude mechanical artifact as the likely origin of this PC. Due to the fact that PC10 accounted for less than 0.1% of the data variance, the above conclusions are not affected by this artifact. In contrast to TMS-PCs, PCs derived from StructurelessPVs did not show any consistent rank order assignments ( Figure 5D ).
Additionally, to quantify the similarity of different sets of PCs, the shared subspace dimensionality (Cheung et al., 2005) between subjects was computed. A subspace was defined by the first n PCs, where n corresponded to the number of PCs necessary to account for R90% of the data variance in each subject. In contrast to best-matching pairs of PCs, this measure is insensitive to variations in the rank order of PCs. Between subjects, the shared subspace dimensionality of PCs derived from TMS-PVs (TMS-PCs) was 2.5 6 0.8, indicating a substantial overlap when compared with the dimensionality of approximately four PCs necessary to explain R90% of the variance ( Figure 5E ). The shared subspace dimensionality between TMS-PCs exceeded the shared subspace dimensionality between Structureless-PCs (1.4 6 0.6; p < 0.001, two-tailed t test).
Although TMS-PCs between subjects showed considerable overlap, there was also interindividual variability, possibly as a result of differences in the biomechanical properties of the hands, or of interindividual differences in motor control. Therefore, one might predict intraindividual similarity of PCs to be greater than interindividual similarity. To address this issue, five subjects took part in additional mapping sessions 2 months after the first session and 1 week after the second session. Results indicate a high degree of consistency of the rank order of best-matching pairs of PCs in the same subject after three mapping sessions ( Figure 6A ). PC1 computed from the first session always corresponded best to PC1 in subsequent mapping sessions. Moreover, the shared subspace dimensionality ( Figure 6B ) was significantly higher intraindividually, between different sessions in the same subject, (3.2 6 0.7) than interindividually, between subjects, (2.6 6 0.8; p = 0.007, two-tailed t test). Therefore, the PCs extracted from TMS-evoked movements likely contain individually specific features of movement organization.
Structural Similarity between Principal Components
Derived from TMS-Evoked Movements and Voluntary Movements PCA revealed that modularity was more pronounced in TMS-PVs than in Structureless-PVs and that PCs overlapped considerably between subjects. However, it remains unknown whether PCs derived from TMS-PVs bear any relationship to natural motor behavior. To address this question, six subjects performed grasping movements toward 28 imagined different objects (Table  1 ) displayed as images presented on a computer screen in front of them (see Experimental Procedures). Analysis of grasping end-postures (Grasp-PVs) generated a set of ten PCs, with four PCs accounting for w91.7% of the data variance. The variation explained by the first four PCs is similar to that reported previously by Santello and coworkers (Santello et al., 1998) and similar to the dimensionality inherent in TMS-evoked movements. TMS-PCs were more similar to PCs derived from grasping movements than to Structureless-PCs. The histograms of the rank order assignments of bestmatching PCs showed a higher degree of consistency between TMS-PCs and Grasp-PCs ( Figure 7A ) than between Structureless-PCs and Grasp-PCs ( Figure 7B ). The shared subspace dimensionality between the TMS-PC subspaces and the subspaces spanned by the Grasp-PCs was 2.0 6 0.6; i.e., two of approximately four dimensions of the TMS-PC subspace were shared with their corresponding Grasp-PC subspace. Across all six subjects, the shared subspace dimensionality between Structureless-PCs and Grasp-PCs was 0.9 6 0.5, or significantly lower (p < 0.001, two-tailed t test) than the shared subspace dimensionality between TMS-PCs and Grasp-PCs.
The biological significance of PCs derived from TMS-evoked movements would gain additional strong support if a limited set of TMS-PCs could be used to reproduce hand postures that resulted from voluntary grasping movements. The performance of PCs computed from TMS-PVs in reconstructing static grasp end-postures was compared with that of StructurelessPVs and Grasp-PVs (Grasp-PCs). Figure 8A illustrates examples of reconstruction of different hand shapes adopted when grasping two different objects. As expected, reconstruction error was minimal when using Grasp-PCs. The quality of reconstruction differed between Grasp-PCs, TMS-PCs, and Structureless-PCs [ANOVA; F(2, 39) = 46.71; p < 0.001; Figure 8B ]. Reconstruction error associated with TMS-PCs was significantly smaller than that of Structureless-PCs (p < 0.001, two-tailed t test), and larger than that of Grasp-PCs (p < 0.001, two-tailed paired t test; Figure 8B ).
Discussion
The present study used magnetic stimulation to examine the mapping between the motor cortex and finger movements in humans. The main finding is that finger movements evoked by magnetic cortex stimulation were significantly kinematically constrained, despite objective evidence obtained by cluster analysis that a large variety of movements were evoked by TMS. PCA revealed that a small set of just approximately four PCs accounted for much of the data variance of TMS-evoked movements as indexed by their posture vectors, whereas approximately eight PCs were needed to approximate the data variance when the biomechanical part of the motor system was examined in isolation.
Before we consider the biological significance of this finding, we have to ensure that the artificial stimulation of the primary motor cortex by TMS reproduces important properties of natural movements (c.f. Strick, 2002) . At least two lines of evidence support this assumption. First, TMS-evoked movements displayed properties which may be considered idiosyncratic hallmarks of the spatial representation of voluntary finger movements. Although movements evoked by TMS from different scalp positions did not display a prominent topographical organization, the spatial sampling resolution of the TMS technique was sufficient to reproduce the topographical order and dimensions of the fine somatotopical gradient (Figure 3) found in functional MRI studies of voluntary finger movements (Beisteiner et al., 2001; Hlustik et al., 2001; Kleinschmidt et al., 1997) and in studies of nonhuman primates utilizing neuronal recording and stimulation techniques (Schieber, 2001) . Secondly, previous observations demonstrated that TMS-evoked movements retain kinematic properties of recently performed movements (Classen et al., 1998) . Such phenotypical homology implies that neuronal ensembles that determine important kinematic properties of voluntary movements are physiologically similarly activated by TMS.
If these considerations supply indirect evidence for naturalistic activation of motor cortex by TMS, then the low dimensionality of TMS-evoked movements has implications for the understanding of how the primary motor cortex is engaged in the control of movements. That reduced dimensionality is not just an artifact of the stimulation technique (despite its physiological properties) is strongly supported by the finding that modules derived from TMS-evoked movements were similar to modules derived from grasping movements. Because TMS-evoked movements and voluntary movements each comprised a wide variety of diverse end-postures, it is unlikely that this similarity arose by chance. Furthermore, the end-postures of natural grasping movements could be reconstructed with remarkable fidelity from TMS-derived modules. Based on these observations, we propose that the structural properties of TMS-evoked movements not only unveil modularity in the ultimate output of the primary motor cortex, but also indicate that this modularity is used for movement control. In this way, our findings provide direct, and causal, evidence to suggest that reduced dimensionality of natural grasping movements (Mason et al., 2001; Santello et al., 1998) (confirmed in the present study), or signing gestures in American sign language (Jerde et al., 2003) , are indeed signatures of a modular principle of operation of the CNS. Previous studies in frogs have shown that a small set of muscle activation patterns was sufficient to describe the muscle activity associated with mechanically triggered kick reflexes (d 'Avella et al., 2003; . These muscular activation patterns were similar between different behaviors such as swimming, jumping, and walking (d' Avella and Bizzi, 2005) . Because they persisted even after deafferentation (Cheung et al., 2005) , it was concluded that complex locomotor behaviors in frogs may arise from spinal modules that are provided with the proper weighting coefficients by afferent and/ or supraspinal commands (Cheung et al., 2005) . When spinal structures were activated by medullospinal projections through vestibular nerve stimulation (d 'Avella and Bizzi, 1998) , the dimensionality of the kinematic output was similarly reduced when compared with spinal preparations. The study by d 'Avella and Bizzi (1998) therefore extended the evidence of modular organization of motor behavior to subcortical, reflexively organized neuronal circuits. Because TMS activates cortical elements, the present results suggest that modular organization in neuronal systems generalizes to cortical control of movements. Therefore, the present findings indicate that the most dexterous intentional movements of higher-order mammals may share similar principles with elementary automated movements in amphibians. . The number of PCs used for reconstruction was chosen according to the number of PCs necessary to explain R90% of the variance. In the case of StructurelessPCs, the number was set as equal to the number of TMS-PCs. (B) Mean reconstruction error (6SD, six subjects) was lowest using PCs directly derived from grasping end-postures. Using TMS-PCs, the reconstruction error was significantly smaller than the reconstruction error using Structureless-PCs. ***p < 0.001.
Our findings do not allow us to make detailed inferences about the anatomical identity and location of the TMS-derived movement modules. Given the enormous sophistication of the spinal interneuronal circuitry in primates (Fetz et al., 2002 ), it appears unlikely that coordination of grasping movements rests exclusively upon transmission of descending corticospinal commands from the primary motor cortex onto spinal motoneurons. Although intracortical neuronal elements likely play a special role, corticospinal projection neurons, spinal interneurons, and the peripheral part of the motor system all determine the final appearance of the extracted modules. This may explain why Poliakov and Schieber (1999) failed to find evidence for functional grouping of motor cortical neurons into modules. These authors examined discharge properties of sets of motor cortical neurons sampled from multiple distributed sites during a set of skilled, individuated finger movements. Such movements likely require the combination of multiple overlapping corticospinal modules. It is possible that the structure of these modules might not be revealed through recording exclusively the activity of a small number of cortical neurons, which may themselves be members of multiple and overlapping modules. Consistent with the idea that modularity is a property of the wholeness of the cortico-muscular system, stimulation of two motor cortical points in anesthetized cats led to vectorial summation of the responses obtained at each point individually (Ethier et al., 2006) , whereas intraspinal microstimulation of two points in spinalized cats did not .
It is noteworthy that TMS-derived modules were similar to those derived from grasping movements, despite the fact that grasping movements were indexed only by their final posture. Results obtained by Graziano and coworkers (Aflalo and Graziano, 2006; Graziano et al., 2002b; may help to explain this finding. These authors used ICMS and recordings from single neurons of the motor cortex in Macaca fascicularis monkeys to investigate principles of neuronal control of diverse and naturalistic upper limb movements. ICMS of the precentral motor cortex induced multijoint complex arm movements, with some of them resembling feeding and grasping movements (Graziano et al., 2002b; . Centrally directed hand movements in conjunction with formations of grip postures of the fingers were clustered around the central sulcus (Graziano et al., 2005) , a region overlapping the primary motor cortex in humans. A large fraction of the variance in recordings of neuronal firing behavior with natural movements was explained by neuronal tuning to preferred end-postures (Aflalo and Graziano, 2006) . This model accounted substantially better for the data variance than models of neuronal tuning to direction or a variety of different alternative movement parameters. Importantly, the end-postures preferred by the neurons significantly matched the final postures evoked by ICMS of the same cortical sites. Our observations are in accord with the emerging view that neuronal tuning to final posture plays an important role in the control of movement (Aflalo and Graziano, 2006; Giszter et al., 1993; Graziano et al., 2002a) , and they suggest that this principle may apply to the most distal upper limb movements. TMS induces only short-lasting activity (10 to 15 ms [Di Lazzaro et al., 2004] ) in corticospinal projections. This may be one factor that explains why the duration and amplitude of TMS-evoked finger movements differ from the ICMS-evoked full-scale complex multijoint movements, which appear to require long (typically 500 ms) stimulation trains (Aflalo and Graziano, 2006; Graziano et al., 2002b) . The induction of fragments of grasping movements by TMS over the primary motor cortex is consistent with the idea that different components of movements have different induction thresholds and do not necessarily depend on the duration of the stimulation. This view is supported by the facts that the distinctive features of ICMS-induced movement or muscle activation patterns may become evident already at some 80 ms into the stimulation train (Graziano et al., 2005) and even after single ICMS pulses (Graziano et al., 2004) , and by previous observations that TMS at a weaker intensity than that used in the present study has a higher probability of evoking individuated thumb movements (Classen et al., 1998) . TMSevoked movements over the motor cortex obviously lacked the arm component, which is necessary to transport the hand to the final destination. The above considerations predict that physiological signatures of such specific arm movements should be induced by TMS applied at the same sites. TMS may be particularly suited to stimulate neuronal circuits naturalistically because it activates an extended brain region through activation of intracortical horizontal fibers (Rothwell, 1997) .
Our results provide possibly the most direct support to date for the conjecture that a set of movement modules constitute building blocks of the most complex, highly flexible motions; they also provide evidence in favor of models of neuronal tuning to end-posture. The findings may contribute to a deeper understanding of the human motor system and may inform the design of novel neurorehabilitative strategies. As has been noted before (Bernstein, 1967; Poggio and Bizzi, 2004; Sporns and Edelman, 1993) , modular neuronal control may afford dramatic computational savings over approaches that rely on extraction of a number of individual movement parameters from large numbers of individual neurons. Therefore, consideration of modular principles of neural control may be of value for the design of neural prostheses driving electrical stimulation of hand muscles and the development of brain-machine interfaces that control the movements of artificial prosthetic devices, such as a robotic arm (Nicolelis, 2003) .
Experimental Procedures Subjects
The study was approved by the Ethics committee of the University of Wuerzburg, and written informed consent was obtained from all participants. Experiments were performed on 21 healthy volunteers (9 men and 12 women, age 24 6 4 years).
Stimulation and Recording Arrangements TMS was performed using a flat figure-eight shaped magnetic coil (diameter of each wing: 70 mm) connected to a Magstim 200 monophasic magnetic stimulator (Magstim, Whitland, Dyfeld, UK). Brachial plexus stimulation was performed using a round coil (diameter: 90 mm). In all TMS experiments, electromyographic (EMG) activity was recorded from the right APB muscle (21 subjects) and from the ADM muscle (8 subjects). In brachial plexus magnetic stimulation experiments, EMG activity was recorded from the right APB muscle only.
Finger kinematics were measured by ten inductive sensors (angular resolution of <0.5 ) embedded in a glove (Hommel et al., 1994 ) worn on the right hand. Data were sampled at 60 Hz and converted to 10 bit resolution digital values. For the long fingers, sensors were positioned over each proximal interphalangeal joint (PIP: I_PIP, M_PIP, R_PIP, L_PIP) and metacarpophalangeal joints (MCP: I_MCP, M_MCP, R_MCP, L_MCP). For the thumb, the MCP and carpometacarpal joints were recorded (T_MCP, T_CMC). The subject's right hand was secured in a semipronated position in a cast with the elbow joint in a flexed position such that the hand was approximately 30-40 cm in front of the subjects.
A frameless, MR-guided neuronavigational device (Brainsight, Rogue Research, Montré al, Canada) was used to increase accuracy in coil positioning and angulation. To determine 30 different stimulation sites on the scalp arranged as a grid with 4 cm width and 5 cm height (i.e., 1 cm stimulation point distances), a plastic block with holes over the grid positions was placed over the optimal cranial position for eliciting a motor-evoked potential in the right APB muscle. The position of each hole was recorded using the pointer tool of the tracking system. For stimulation, the TMS coil was positioned over the sites that were previously recorded by the pointer. To verify accuracy of the coil position, its location was monitored online by the tracking system. The subject's head was registered with individual (eight subjects) or template MRI scans. The optimal position of the magnetic coil for eliciting MEPs in the resting right APB muscle was assessed over the left motor cortex at a moderately suprathreshold stimulation intensity. At this site, termed the hotspot, the resting motor threshold (RMT) was determined as the minimum stimulatoin intensity needed to produce a response of at least 50 mV in the relaxed APB in at least five of ten consecutive trials.
The position of the hotspot served as the initial anchor position to determine the stimulation grid position as described above. The initial stimulation intensity was set at 1.3 RMT. If stimulation of several points did not elicit clearly discernible finger movements, stimulation intensity was increased to 1.4 RMT. Subjects with no movements at 1.4 RMT were excluded from analysis to keep the stimulation conditions in a comparable range and to minimize direct stimulation of output neurons, which occurs inevitably at higher stimulation intensities (Rothwell, 1997) . Three subjects did not fulfill the inclusion criteria. Therefore, 18 subjects (9 women) were finally included in the analysis. To ensure that the mapping grid covered all sites where finger movements could be elicited by TMS, points lying outside the grid were stimulated. The grid position was moved until no visually observable finger movements were evoked outside the border of the stimulation grid. The sequence of stimulation points was random. Fifteen TMS pulses were applied at each stimulation site at a rate of <0.2 Hz. The TMS pulse was released 1300 ms after initiating recording of the sensory glove and EMG signals. The subject was instructed to keep the hand and fingers in a relaxed position during the experiment. Muscle relaxation was monitored by audio feedback.
Magnetic Brachial Plexus Stimulation
This was performed in five subjects. The subject's right hand was positioned in the same position as in the brain mapping experiments. Approximately 100 stimuli were applied with the coil positioned over the right brachial plexus. Stimulation intensity was chosen to ensure that the amplitude of evoked finger movements matched those evoked by TMS.
Grasping Experiments
Six subjects participated in this experiment. Images of 28 different objects were presented in random order on a computer screen in front of the subject. Objects spanned a large range of different sizes and shapes (Table 1) . Subjects were told to imagine the displayed object floating at about 50 cm in front of them. Subjects performed grasping movements toward the imagined objects without contacting any real object (Santello et al., 1998) . A trial was started by a visual cue. The end grasp posture was maintained until the recording was stopped after 3 s. Each image of the 28 objects was presented five times in randomized order.
Biomechanical Constraints
Six subjects took part in this experiment. The hand and fingers were positioned as in the brain mapping experiments. In each trial the experimenter moved a single joint by w10 in either the flexion or the extension direction. Concomitantly, passive movements of the remaining joints were recorded. For any subject, this resulted in 20 trials (2 for each recorded finger joint). The end-posture was maintained until the recording was stopped after 2 s. Subjects were told to relax during passive movements and let the experimenter move the finger.
Data Analysis
Sensor values were offset-corrected and low-pass filtered. Movements were described as relative excursions around the resting position with positive values indicating extensions of the fingers and negative values indicating flexions. Data sets with completely zero values (i.e., no excursion around the resting position) were discarded from subsequent analysis, except for the computation of the activation map (see below).
Posture Vector A single hand posture was used to describe TMS-evoked movements (Figure 1 ). The time t max was defined as the time when the mean absolute summed joint angular deviation from baseline reached a maximum after the TMS pulse. A TMS-evoked movement was represented by a ten-dimensional PV defined by all joint angles at t max . Plexus-PVs were computed analogously. Grasping end-postures (Grasp-PVs) and end-postures after passively moving a single joint (Biomechanical-PVs) were defined as the mean values of the last five samples of a trial. For visualization, PVs were normalized to the maximum deviations (extensions or flexions) and transformed into a polar coordinate system ( Figures 1B and 1C) . Deviations from the baseline position were displayed as deviations from the middle circle with extension movements shown as outward deviations and flexion movements as inward deviations. Hand shapes were visualized using Java3D-software (Sun Microsystems, Santa Clara, USA). For better visualization, the normalized PVs were multiplied by a factor of 40 and added to the initial resting position. The distal interphalangeal angle was assumed to be two-thirds of the flexion at the PIP joint of the same finger.
Structureless-PVs were generated by randomly reshuffling PV components from TMS-PVs across samples of each subject. A set of Structureless-PVs contained the same number of elements as the set of TMS-PVs of the corresponding subject. This procedure served to remove correlations between joints without changing the variance of each data set. For each subject, five different sets of Structureless-PVs were generated.
Analysis of Individual Finger Movements
To estimate the extent to which a single finger moved at each stimulation site, the proximal (T_CMC, I_MCP, M_MCP, R_MCP and L_MCP) and distal (T_MCP, I_PIP, M_PIP, R_PIP and L_PIP) absolute PV components were summed at each stimulation site. An activation map for each finger was the topographic map of individual finger contributions to the TMS-evoked movements across all stimulation sites. Each finger's activation maps were visualized across subjects by aligning the activation maps around their CoG.
Distance Measurement between PVs
The distance (or similarity) between two PVs was defined as the 1 minus the dot product of two normalized PVs that is identical to 1 minus the cosine distance (Soechting and Flanders, 1997) :
where d PV1,PV2 designates the distance between the two tendimensional PVs PV1 and PV2. Two identical PVs had a distance of 0, and PVs that were completely different (i.e., pointed in opposite direction) had a distance of 2. Two PVs were defined as similar to each other if they had a maximum distance of d = 0.2 (Soechting and Flanders, 1997).
Cluster Analysis
Hierarchical cluster analysis was used to group TMS-evoked movements (as indexed by their PVs) based on their distance (Poliakov and Schieber, 1999; Soechting and Flanders, 1997) . Starting with treating each TMS-PV as a cluster, the most similar pairs were iteratively linked together to form larger clusters until only one cluster remained. The result of this process was a hierarchical linkage tree which represented the distances at which the clusters were linked together. PGs were defined as clusters linked together at a maximum distance of d = 0.2 (Soechting and Flanders, 1997) ; i.e., the maximum distance of the TMS-PVs belonging to a PG was d = 0.2. Cluster analysis was also performed on Structureless-PVs and Plexus-PVs.
Principal Component Analysis
PCs were computed from the eigenvalues and eigenvectors of the matrix of the covariance coefficients between all different PVs. PCs were ordered according to the magnitude of their corresponding eigenvalues. Therefore PC1 represented the most prominent PC because its eigenvalue explained the largest proportion of the variance. The first n PCs constitute a subspace of the ten-dimensional space, which reconstructs the k th PV according to
c ik ,PC i ; n < 10 where c ik represents the proper weighting coefficients for reconstruction. The dimensionality n of the subspace was defined as the number of PCs that were necessary to account for R 90% of the variance. PCs were computed for TMS-PVs, StructurelessPVs, Grasp-PVs, and Biomechanical-PVs (Biomechanical-PCs).
For visualization of the PCs with a virtual model of the human hand, the contributions of each joint to a PC were added and subtracted from the mean resting position across all subjects and scaled by a factor of 40.
PC Similarity
The similarity between sets of PCs was assessed by two different approaches. First, the similarity of subspaces spanned by the PCs was quantified by computing the principal angles (Golub and Van Loan, 1996) . In the case of Structureless-PVs, the subspace dimensionality was set as equal to the subspace dimensionality n computed from TMS-PVs for corresponding subjects. The number of principal angles with cosines R0.90 was defined as the shared subspace dimensionality between two sets of PCs (Cheung et al., 2005) . The second approach served to address the rank order consistency between PCs of different sets. Best-corresponding pairs of PCs were computed according to Cheung and coworkers (Cheung et al., 2005) and the rank order of the PC pairs was entered in a 2D histogram. For example, if PC1 of a subject corresponded best to PC2 of another subject, the 2D histogram was incremented at the coordinates (1, 2). For completeness, all ten PCs of each subject were considered. The result of this procedure is influenced by the sequence of subjects. To eliminate this effect, a second histogram, mirror-symmetric to the first one, was generated by repeating the procedure after reversing the sequence of subjects. The final histogram, which allowed the display of all occurrences in a triangular matrix, was then constructed by the mean of both mirror-symmetric histograms. This approach provided complementary information about similarity, since the rank order of a PC reflected the amount of variation explained by this PC and therefore was an indicator of structural similarity of the datasets.
Reconstruction of Grasp End-Postures
Grasp-PVs were reconstructed by finding the best solution X to the equation
using a standard least squares algorithm as implemented in commercial software (Matlab, The Mathworks, Natic, USA). The matrix B˛103ðnumber of Grasp-PVsÞ contained the normalized (Euclidean-norm) Grasp-PVs, and the matrix A˛103n contained n basis vectors (the first n PCs). The number n of basis vectors was defined as the number of PCs needed to account for R90% of variation of the appropriate data set. PCs derived from TMS-PVs, Structureless-PVs, and Grasp-PVs themselves were used as basis vectors to reconstruct Grasp-PVs. In the case of Structureless-PVs, the number of PCs was set as equal to the computed number of PCs derived from TMS-evoked movements of the corresponding subject. The reconstruction quality of a specific Grasp-PV, B i , was expressed as a percentage value of the normalized Euclidean distance between AX i and B i (100% indicated the largest reconstruction error and was equivalent to the maximum Euclidean distance). ANOVA was used to compare the CoGs of different fingers, the results of cluster analysis, and the reconstruction error of grasp postures. t tests and paired t tests were used where appropriate. All values are presented as mean 6 SD unless indicated otherwise.
